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Last year's evaluation system
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Last year’s

evaluation system

O 1
MECC.g | 45:9% Eval’98 WER (SWB only)
38.4% Eval’01 WER
MFCC PLP
0, 0,
VTLN 42.6% VTLN 41.6%
35.6% 34.3%
0, 0, 0, 0,

MMI-SAT |385%  ImisaT-L | 393 Mmi.saT MMI-SAT 377 ImL-sAT-L | 387 MmL-saT

31.6% 32.1% 30.9% 31.9%

0, 0, 0, 0,

MMI-AD  |[381% Imiap-L | B vL-aD MMI-AD 387 Imi-ap-L | 37 MmL-AD

30.3% 31.0% 29.8% 30.8%

100-best | 37.1% 100-best |38.1% 100-best | 35.9% 100-best | 36.9%

rescoring ) 30.1% rescoring ) 30.5% rescoring ) 29.5% rescoring ) 30.1%
4-gram 4-gram 4-gram 4-gram 4-gram 4-gram 4-gram 7 4-gram 4-gram 4-gram
rescoring rescoring rescoring rescoring rescoring rescoring rescoring rescoring rescoring rescoring

35.7%
29.2%
Consensus| [Consensus| [Consensus| [Consensus| (Consensus| |[Consensus| [Consensus| [Consensus| [Consensus| [Consensus
36.5% 38.1% 37.2% 35.5% 35.2% 37.7% 36.3%
29.9% 31.1% 30.2% 28.8% 28.7% 31.4% 29.2%
0,
ROVER |3*0%
27.8%




Current system NIST LVCSR Workshop, May 2002

Current system

Moved from multi-pass stack decoding to Viterbi lattice generation and
rescoring

1. Lattices generated at the SAT+FMLLR level using word-internal AM and
2-gram LM

2. Expanded to 3-grams and left cross-word acoustic context and pruned

3. Rescored and pruned with progressively more accurate models (4-gram
LM, lattice-MLLR adapted AM)

4. Turned into confusion networks and combined
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CDF matching adaptation

Introduced by [Dharanipragada & Padmanabhan’00]

e Distribution function (or CDF) of a continuous r.v. X:

e Empirical CDF given training samples x1,...,znN:

Fn(x) = %Mm@ — ;)

e |dea: match the empirical test CDF to the empirical training CDF for
each dimension independently

e Related to the Gaussianization technique [Chen & Gopinath’00]
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CDF matching adaptation (cont’d)

rank(z;)

N

e Remark: NﬂZA&sv =

e 7 ={x1,...,xzN} training data, Fy empirical training CDF
o A={yi1,...,yn} adaptation data, G, empirical test CDF

e mappingh: A— 7T, h= ﬁﬂ o Gps. Then:
En(h(yi) = Gu(y:), Vi€ A

1. Sort the training data
2. Sort the test data
3. Replace each test sample y; with the training sample h(y;)

4. Decode training data !l
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Decoding results

e Stack decoding:

Model /Transform eval’'00 | eval'98 | devset cellular
SAT+FMLLR 24.6% | 37.7% 39.9%
SAT+FMLLR+FV 24.4% | 37.5% N/A
SAT+FMLLR+4CDF+FV 24.6% N/A N/A
SAT+FMLLR+-CDF+FMLLR | 24.4% | 37.2% 39.4%
e |attice rescoring:
Model /Transform eval’'00 | eval'98
SAT+FMLLR 23.7% | 36.6%
SAT+FMLLR+CDF+FMLLR | 23.3% | 36.1%
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EMLLT
Extended maximum likelihod linear transforms (EMLLT)

Introduced by [Olsen & Gopinath’02]

ldea: model Gaussian precision matrices (inverse covariances) as

P, = AAAT

where
P, = Mu@lH € H_szzg A € H_W:XZ“ A, € __W.ZX.Zv A, = QummAv/@H . VSZV

andn < N <n(n+1)/2

e MLLT: N =n

e Full-covariance: N =n(n+1)/2
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Decoding results

Courtesy of [Huang, Goel, Gopinath, Kingsbury, Olsen, Visweswariah’02]
e Stack decoding swb’00 (MFCC features):

Model /Transform Diagonal | EMLLT
VTLN 26.8% 25.2%
SAT+FMLLR 24.6% 23.1%
SAT+FMLLR+MLLR | 23.6% 22.6%

e Lattice rescoring eval’01 (PLP features):

Model /Transform Diagonal | EMLLT
SAT+FMLLR 29.1% 28.4%
SAT+FMLLR+4grm+MLLR | 28.0% 27.2%
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Implicit lattice MMI training

e MMI objective function:

where A represents the means, variances and priors of the Gaussians

e Compute the denominator statistics only for the paths existent in a lattice
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Implicit lattice MMI training (cont’d)

e Previous approach:

— Create lattice using simpler models (e.g. x-word triphones, or word-
internal)

— Expand lattice to larger acoustic context (x-word quinphones, or left-
context) and run Forward-Backward algorithm to accumulate counts

e Proposed method:

— Statically compile left-context, n-gram decoding graphs: arc
minimization problem addressed in [Zweig, Saon & Yvon'02]

— Run Forward-Backward with pruning (instead of Viterbi) on the
resulting HMM network
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Decoding results

e Trigram one-shot Viterbi decoding:

Context Training | eval’'00
word-internal | ML 26.1%
MMI 24.9%
left ML 25.3%
MMI 24.0%

e Bigram lattice generation (1-best results):

Context Training | eval’'00
word-internal | ML 27.7%
MMI 25.8%
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Search

CDF matching adaptation

EMLLT

Implicit lattice MMI

Conclusion

5% relative improvement

1-2% relative improvement

5% relative improvement

5-7% relative improvement
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